Objective. To describe the modified Patient-Centered Medical Home Assessment (M-PCMH-A) survey module developed to track primary care practices' care delivery approaches over time, assess whether its underlying factor structure is reliable, and produce factor scores that provide a more reliable summary measure of the practice's care delivery than would a simple average of question responses. Data Sources/Study Setting. Survey data collected from diverse practices participating in the Comprehensive Primary Care (CPC) initiative in 2012 (n = 497) and 2014 (n = 493) and matched comparison practices in 2014 (n = 423). Study Design. Confirmatory factor analysis. Data Collection. Thirty-eight questions organized in six domains: Access and Continuity of Care, Planned Care for Chronic Conditions and Preventive Care, Risk-Stratified Care Management, Patient and Caregiver Engagement, Coordination of Care across the Medical Neighborhood, and Continuous Data-Driven Improvement. Principal Findings. Confirmatory factor analysis suggested using seven factors (splitting one domain into two), reassigning two questions to different domain factors, and removing one question, resulting in high reliability, construct validity, and stability in all but one factor. The seven factors together formed a single higher-order factor summary measure. Factor scores guard against potential biases from equal weighting. Conclusions. The M-PCMH-A can validly and reliably track primary care delivery across practices and over time using factors representing seven key components of care as well as an overall score. Researchers should calculate factor loadings for their specific data if possible, but average scores may be suitable if they cannot use factor analysis due to resource or sample constraints. Key Words. Psychometrics, survey research and questionnaire design, quality of care/patient safety, quality improvement/report cards
we administered to CPC and comparison practices to measure changes in care delivery approaches. We then analyze the factor structure across the two groups of practices and over time among CPC practices. Finally, we measure practices' performance on the domain factors and overall using factor scores based on the factor loadings estimated on the first round of data collected from the CPC practices. These factor scores enable us to measure change over time and between the CPC and comparison practices.
METHODS

Measure Development
We developed the M-PCMH-A in 2012 to capture practices' self-reported approaches to delivering various aspects of primary care over time. We reviewed literature and existing instruments used to assess primary care delivery and solicited input from physicians, health and survey researchers, and CMS's CPC implementation team. The module in the first survey round contained 41 questions, of which only 38 were included consistently in subsequent survey rounds and therefore can be used to measure change over time. Twenty-six of the 38 questions in the M-PCMH-A were adopted verbatim or slightly edited from the PCMH-A instrument (v.1.3) developed by the MacColl Center for Health Care Innovation at the Group Health Research Institute and Qualis Health for the Safety Net Medical Home Initiative (Daniel et al. 2013; Safety Net Medical Home Initiative 2014) . A study of that initiative found high agreement between 65 clinics' self-reported PCMH-A scores and those of external practice coaches. It also found positive correlations between the PCMH-A scores and structured, independent assessments of practice transformation capacity by the same coaches, the percentage of quality improvement activities underway reported by the clinic, and early achievement of NCQA PCMH recognition (Daniel et al. 2013) . To more closely measure the aspects of the five CPC functions and continuous data-driven improvement, an additional focus of CPC, we changed the order and domain assignment for some of these questions. Because the PCMH-A did not cover all aspects of primary care delivery relevant to the CPC model, we added 12 new questions developed in-house or adapted from other practice assessment tools. Table 1 approaches that prior studies suggest are important to primary care redesign, and can be used to track progress. Practices were asked to select the point value that best describes the level of care the practice currently provides. Following the PCMH-A's format, responses to each M-PCMH-A question are coded on a 12-point scale, divided into four ranges (1-3, 4-6, 7-9, and 10-12) , with higher ratings reflecting better approaches to care delivery. To guide respondents on how to score themselves, the instrument described the behavior or activities expected for each of the four ranges for each of the questions (Mathematica Policy Research 2012 . Question A17 appears below, and the full 2014 version of the module is available in Appendix S1. 
CPC and Comparison Practices
CMS selected approximately 500 practices from applicants in seven regions, based largely on practices' use of health information technology. These regions include four states (Arkansas, Colorado, New Jersey, and Oregon) and portions of three states (New York's Capital District-Hudson Valley region, Ohio-Kentucky's Cincinnati-Dayton region, and Oklahoma's Greater Tulsa region). The evaluation identified nearby comparison regions and then used propensity score matching to select from those regions and from unselected applicants a set of comparison practices with similar pre-CPC practice-, market-, and patient-level characteristics (Taylor et al. 2015; Dale et al. 2016; Peikes et al. 2016) . Table S1 reports the similarity of the CPC and comparison practices.
Survey Administration and Study Sample
We surveyed CPC practices from October through December 2012, at the start of CPC. Comparison practices were not selected until July 2013; thus, we n/a n/a n/a n/a n/a n/a
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Notes:
Data represent 2012 responses. The numbers of the questions correspond to the 2014 CPC survey. The order of the M-PCMH-A's questions corresponds to the order of the factors the questions measure. The table excludes questions 5, 25, and 33 because they are not included in both survey rounds, and question 13 because it was not strongly related to any factor. Means of the factors are set to zero. Factor loadings are standardized based on the observed and latent variables' variances and represent the amount of standardized change in the observed variable per standard deviation change in the factor. Standardized factor scores represent correlations between the question and the factor and represent the validity with which each question measures a corresponding factor. Reliability of the questions can be computed by squaring each standardized factor loading to determine the percentage of variation in the question explained by the factor it is designed to measure (not provided). In the column Question Weight in a Factor, weights are factor scores normalized to sum to 1 within a factor. The column Factor Weight in the Summary Factor shows the factor weights for the first-order factors, which are the factor scores normalized to sum to 1 within a second-order (summary) factor. The column Question Weight in the Total Score shows relative contribution of M-PCMH-A question to the summary factor. These weights were produced by multiplying the M-PCMH-A question-level factor weights (Question Weight in a Factor column) by the weight of the factor each question measures (Factor Weight in the Summary Factor column). The PCMH-A survey is version 1.3. TransforMED refers to the TransforMED Medical Home Implementation Quotient (2012).
did not collect data from them until 2014. In 2014, both CPC and comparison practices completed the survey from April (March for the comparison practices) through July. We analyzed 2012 CPC practice data and 2014 CPC and comparison practice data.
Comprehensive Primary Care practices completed a fillable PDF in 2012 and web survey in 2014. The practices that did not respond to the 2014 survey within one month received a hard copy. Comparison practices received a web survey and those that did not respond by week 5 received a hard copy. Comparison practices and withdrawn CPC practices received $100 for completing the survey; active CPC practices were not paid because completing the survey was a condition of CPC participation.
Both the introduction to the 2012 survey and a 2014 accompanying document addressing frequently asked questions explained that practices would not receive financial incentives for providing specific responses. However, it is possible that practices responded more favorably than their actual performance due to the social desirability of providing better care. Practices' understanding of or interpretation of questions also may vary from those of their own or other practices over time.
Practice managers were asked to complete the survey after discussing the responses with others in the practice. Respondents were asked to describe the process they used to fill out the survey (one team member or a group) and indicate who provided input for completing the survey (lead clinician, other clinicians, care manager or care coordinator, practice manager, nursing staff, billing staff, front desk staff, patients, and others).
Seventy-one percent of CPC practices in 2012 and 69 percent in 2014 used input from more than one staff member to respond to the survey. A single-staff member was more likely to respond in comparison practices (61 percent of all responses), typically a practice manager (70 percent of responses from a single-staff member; see Table S2 for more details). Responses and reliability of responses were similar whether the responses were provided by a single person or based on group input, and whether that group input included clinician participation (Duda and Poznyak 2016) . However, this does not rule out the possibility of a systematic social-desirability bias across all types of respondents from the practice, which would be much less likely in an objective external assessment.
Reflecting CPC's requirements, 100 percent of the practices participating in CPC at the end of the fielding period responded to the survey (497 practices in 2012; 493 in 2014 because five of the original CPC practices left the initiative and one practice that split from an existing practice joined the initiative). A total of 423 (48 percent) of the 881 comparison practices responded in 2014. Question-level nonresponse ranged from 0 to 0.6 percent for CPC practices in 2012 and from 0 to 1.6 percent in 2014 on all but one question (8.5 percent for question A36, in 2012, which asks about practices' quality improvement activities).
Rates of item nonresponse for comparison practices were less than 4 percent for all items except for items excluded from the short form of the survey. (To increase responses, initial nonresponding comparison practices received a shortened version of the instrument, which included only six M-PCMH-A items. Of the 423 comparison practice respondents, 69 [16 percent] completed the short form. Rather than excluding these practices from the analysis, we used a full-information maximum-likelihood method to handle the missing data.)
Validation Approach
We used confirmatory factor analysis (CFA) to test the factor structure of the 38 questions and the six domains they were designed to measure. First, we validated the M-PCMH-A using 2012 CPC practice data (N = 497). Second, we cross-validated the resulting factor structure using the 2014 comparison practice data (N = 423) to ensure the proposed factor structure generalized to other samples. Third, we examined reliability and validity of the M-PCMH-A using 2012 CPC data and 2014 comparison data. Fourth, we assessed the stability (or measurement invariance) of the M-PCMH-A's factor structure across the CPC and comparison respondents and over time within CPC practices using 2012 and 2014 (N = 493) data.
We hypothesized a hierarchical factor structure of the M-PCMH-A where six lower-order factors (the six M-PCMH-A domains) measured by 38 survey questions form a single higher-order summary factor that captures correlations among the lower-order factors. We also assumed that measurement errors of the questions are uncorrelated (i.e., that variables are not systematically influenced by the same unmeasured variable in addition to the latent variables they represent) (top figure in Figure 1 ). We iteratively tested and refined the structure using CFA to arrive at the model that best fit the data in the validation sample based on model fit statistics, reliability, and convergent and discriminant validity.
We examined model fit statistics including standardized root-meansquared residual (SRMR) and root-mean-squared error of approximation (RMSEA) indices, which compare the hypothesized models to a saturated model that perfectly fits the data (Hu and Bentler 1999; Steiger 2007) . Consistent with past research, we defined acceptable cutoff values ≤0.08 for SRMR and 0.06 for RMSEA (Hu and Bentler 1999) .
We assessed internal-consistency reliability in the CPC and comparison data using Cronbach's alpha (a) and McDonald's omega (x) coefficients. In contrast to a, x calculates reliability of latent factors controlling for other factors in the model. Values ≥0.7 indicate acceptable internal-consistency reliability for both coefficients (Nunnally and Bernstein 1994) .
We tested convergent validity by checking whether each question's loading on its assigned factor is greater than 0.40 and statistically significant (Cole 1987; Guo et al. 2008) . We tested discriminant validity by setting the correlation among factors to 1.0, equivalent to a single-factor model, and testing its fit against the hypothesized model with freely estimated factor correlations (Guo et al. 2008) .
To determine whether the mean differences in the factors are attributable to differences in primary care delivery rather than differences in measurement properties of the M-PCMH-A, we tested its measurement invariance properties across the CPC and comparison groups (using 2012 data for CPC practices and 2014 data for comparison practices) and separately over time for CPC practices (using their 2012 and 2014 data). We conducted four increasingly stringent tests using the multigroup CFA framework (Steenkamp and Baumgartner 1998; Gregorich 2006) . First, we examined whether the survey questions consistently map onto the same set of factors. This test is referred to as configural invariance and the tested model serves as a baseline for comparing subsequent models. If supported, this type of invariance indicates that the number and content of the factors remain the same for the two groups of practices. Second, we constrained first-and second-order factor loadings and question intercepts to be the same to test metric invariance of the model. If supported, this type of invariance suggests that the module's questions remain equally important indicators of the factors in both groups of practices. Consequently, scales of latent factors have the same metric across the two groups, so a comparison practice with the same observed questionnaire responses as a CPC practice has the same expected score on a given factor (Wang and Wang 2012 ). Third, we tested the invariance of the firstorder factor intercepts by restricting them to zero in a reference group (2012 CPC data) and setting the mean of the summary factor to zero in both groups. This model tests the differences in the first-order factor intercepts (or the means of the first-order factors corresponding to the zero value of the summary factor) between the CPC and comparison groups. If confirmed, this type of invariance suggests the measurement scales for the first-order factors have the same origin in both groups of practices; therefore, differences between the data in the two groups can be attributed to true differences in the underlying factor rather than to measurement scaling (Fiske, Gilbert, and Lindzey 2010 ). Fourth, we tested the invariance of the overall summary index by constraining the first-order factor intercepts to zero in both groups and the mean of the summary factor to zero in the 2012 CPC reference group. If confirmed, this type of invariance suggests that the means of the CPC and comparison practices on the summary index can be validly compared as the latent scales in both groups have equivalent units of measurement (metric invariance) and origins (scalar invariance) (Gregorich 2006) . To test the measurement invariance of the M-PCMH-A's factor structure over time, we estimated configural and metric invariance models. A test for scalar invariance (no differences in the intercepts/means between the two time periods) is not appropriate in this context because we expect the initiative to increase CPC practices' intercepts and means from 2012 to 2014 (Vandenberg and Lance 2000) .
We followed Chen's (2007) recommendation that given N > 300, a change of ≥0.015 in RMSEA and ≥0.030 in SRMR between each tested model indicates noninvariance (Keith 2014) . Tables S3 and S4 show the results.
For each CPC practice in 2012, we then computed factor scores, which combine practice responses to all questions related to a given factor based on the strength of the association between the question and the factor. Although calculating factor scores separately for each survey round would better reflect each round's data structure, this would not allow us to measure change over time, as practices with the same responses each round would have different scores due to a change in factor weights. Therefore, we used factor loadings estimated on the 2012 CPC data as weights to obtain summary measures for each factor and the overall score for each CPC practice in 2012 and 2014, and for comparison practices in 2014. Weights (factor loadings) of nonmissing questions were scaled to have a sum of one to ease interpretation and account for practices in which some, but not all, questions are missing in a factor. We computed a practice's score for each factor based on the statistically determined strength of association between each question and a factor it measures. We then computed a practice's overall score on the M-PCMH-A by further weighting a practice's scores on each individual factor by the correlation of that factor with the second-order (summary) factor (see Table 1 for the weights). Practices that skipped all questions corresponding to a factor did not receive a score for that factor, and second-order factor loadings of nonmissing first-order factors were scaled to sum to one and subsequently used when computing the overall score.
We conducted all analyses in Mplus 7.1 using a robust maximum-likelihood estimator to account for non-normal distribution of the variables and full-information maximum-likelihood for missing data.
RESULTS
M-PCMH-A Validation (2012 CPC Data)
The SRMR of 0.089 suggests that the hypothesized model did not provide a good fit to the 2012 CPC data (Table S5 , Model 1). The misfit was primarily due to the Access and Continuity of Care questions, as well as questions A14 and A15, which more strongly related to the Coordination of Care than the Planned Care factor they were hypothesized to measure. Additionally, question A13 (consistency of notification of patients of their laboratory and radiology results) was not strongly related to any factor and was dropped from other iterations of the model, leaving 37 questions in all other models.
We respecified the model (Model 2) to reflect the correlations in the data (bottom figure in Figure 1) . Model 2 better fit the data (Table S5) , with the SRMR decreasing to 0.066, which indicates a good fit, and with the RMSEA changing slightly to 0.072 (although improvement in fit cannot be measured formally as Model 2 is not nested within Model 1). A RMSEA of 0.072 implies that a small degree of misfit is still possible, but this misfit may be due to the non-normal distribution of the questions in the 2012 CPC data rather than model misspecification. Therefore, we accepted Model 2 as our final model. Although the Model 2 factor loading of question A12 (extent to which medication reconciliation is regularly done and documented) fell below the standard cutoff of 0.4, we retained it because we expect it to be an important determinant of outcomes, despite the lack of correlation with other questions. Table 1 presents descriptive statistics and factor loadings.
M-PCMH-A Cross-Validation (2014 Comparison Data)
To ensure the proposed factor structure generalized to other practices, we fit our final model to the data from a cross-validation sample of comparison practices. The proposed model fit the comparison practices' data even better than the CPC data on which the model was developed (Table S5 ). The consistency across two different groups supports the validity of the M-PCMH-A's factor structure (descriptive statistics and factor loadings available upon request.)
M-PCMH-A's Reliability and Validity (2012 CPC and 2014 Comparison Data)
The seven factors displayed high internal consistency, with reliability exceeding 0.70 in CPC and comparison samples' data, with one exception (Table 2) . The Access to Care factor was the least reliable. Practice performance on the items in this scale was only weakly correlated (average correlation among the items is 0.274). However, despite low internal consistency, these items measure different aspects of Access to Care and serve as an important "checklist" of the aspects of comprehensive primary care that constitute this domain.
Large and significant factor loadings (question-factor correlations) of the questions onto a corresponding factor also demonstrate the M-PCMH-A's convergent validity (Table 1) . We confirmed discriminant validity by the lack of fit of a single-factor model (RMSEA = 0.090; SRMR = 0.077). That is, the model fit is improved by first aggregating the 37 individual items into seven domain-specific factors (which can then be combined into a single overall factor) rather than by requiring all 37 items to load on a single factor (results available upon request). Notably, the Continuity of Care factor had a low interfactor correlation, suggesting that this factor has less content overlap with the rest of the factors (Table 2) .
Stability of the M-PCMH-A's Factor Structure Between 2012 CPC and 2014 Comparison Groups
The baseline configural model (Table S3 , Model 1.1) and the model with the invariant first-and second-order factor loadings and question intercepts (Model 2.1) fit the data well. This suggests that the module's questions consistently map onto the same set of factors and the relative importance of the module questions remains largely the same across groups (Gregorich 2012) . The model with the invariant first-order factor intercepts (Model 3.1) showed only minor reduction in fit compared to the baseline model, which was not significant according to Chen's (2007) criteria. This, in turn, indicates that differences between groups on the first-order factor means are unbiased-CPC practices are no more likely to overstate their responses to questions than the comparison practices. Model 4.1, with the invariant mean of the second-order summary factor, was supported by the data and did not demonstrate a significant decrease in model fit compared to the baseline model. This indicates that estimated differences between the CPC and comparison groups on the overall summary index (second-order factor) are not contaminated by underlying differences between the two groups in the factor structure. All of these results confirm that the measurement structure, reliability, and validity of the M-PCMH-A remain the same across groups. The relationship between module questions and factors does not differ between the CPC and comparison groups, and we can validly compare scores on the seven factors as well as the summary index between the two groups of practices.
Stability of the M-PCMH-A's Factor Structure over Time (2012 and 2014 CPC Data) In preparation for the multigroup CFA, we fit the measurement model from 2012 CPC data to 2014 CPC data. The model provided an excellent fit to the data (RMSEA = 0.063; SRMR = 0.062) and was used for testing invariance. The baseline configural model (Table S4 , Model 1.1) and the metric invariance model (Model 2.1) fit the data well, indicating that the number and content of the factors remained the same before and after the intervention and that factor loadings remained largely the same; thus, module questions remain equally important indicators of the factors over time. These results confirm the CPC intervention did not alter conceptual and statistical relationships between the module's questions and the factors they measure.
Simple Average Versus Weighted Scores Based on Factor Loadings
We compared the weighted factor score (summing question scores multiplied by factor loadings) to a simple average of question scores. We calculated the simple average score by averaging all questions mapping to a domain to create domain scores and averaging all domain scores to create an overall score, using the same 37 questions mapped to the seven domains we obtained from the factor analysis.
In our sample, the factor-weighted average and simple average approaches generate practice scores that are very similar in the 2012 and 2014 CPC and 2014 comparison data (Table 3 ). The factor-weighted method shows a slightly greater change in CPC practice scores between 2012 and 2014 on average (2.3 points versus 2.0 points using the simple average method, see Table 3 ). This was true for 392 of the 493 CPC practices participating in both 2012 and 2014, although the difference between the indices in score improvement over time was greater than 1 point for only eight of these practices (see Table S6 ).
While we would recommend that prospective users of the M-PCMH-A weight practices' scores using factor analysis, some users may not have adequate resources or comfort with this method. The scores created using the simple average method are based on the assumption that each item carries the same weight within factors and that the factors themselves are equally strongly related to the overall score, which is not always consistent with estimates obtained from a factor analysis of the data. However, in our sample, the results were similar for the simple and factor-weighted averages. Concordance correlation between the practices' overall score of the second-order (summary) factor scores using the two methods is 0.93 and 0.96 for the CPC practices in 2012 and 2014, respectively, and 0.97 for the comparison practices in 2012. The concordance correlation between the change score in the CPC practices from 2012 to 2014 is 0.97 (Table 3) .
DISCUSSION
Our findings suggest that researchers can use the M-PCMH-A survey module as one way to construct and track statistically valid and reliable summary measures of the ways in which practices deliver different aspects of comprehensive primary care. With minor revisions, the validated factor structure of the M-PCMH-A corresponds to the domains of primary care delivery that the M-PCMH-A was designed to measure. The analysis confirmed the M-PCMH-A's hierarchical factor structure, with 37 of the 38 questions forming seven factors that capture the five core CPC functions (with Access and Continuity split into two factors) and a key support (continuous data-driven improvement) jointly forming one higher-order summary factor. The resulting factor structure demonstrates sufficient internal-consistency reliability and convergent and discriminant validity in measuring all but one factor (Access to Care) in CPC and comparison practices. The structure also exhibits adequate stability of the factor configurations, factor loadings, and intercepts across CPC and comparison groups and stability of the factor configurations and factor loadings within the CPC group over time.
In this application, using factor scores derived from factor loadings on the 2012 CPC group as weights yielded factor scores similar to those calculated by the traditional approach of constructing indices by simply averaging the question scores. However, the scores produced from CFA in other applications will more reliably capture practice performance on a given factor for several reasons. First, the weights account for differences in the relative strength of the relationship between the seven factors and the summary factor, and the questions that measure these factors. Second, factor scores minimize the influence of measurement error in the questions contributing to each of the factors, which increases reliability and validity of the computed scores. Third, factor scores are generated by an objective statistical model ensuring that they are consistent with the underlying structure of the data. Fourth, the factor analysis identifies the set of questions that are appropriately grouped together in a given domain, whereas the simple sum approach provides no such discrimination. In contrast, the simple average approach uses arbitrary equal weighting of individual questions in each domain and overall. While in this data set the simple method yielded an overall index that was highly correlated with the overall index generated from the factor scores, this will not necessarily be the case in other data sets or applications. We encourage other researchers to use the M-PCMH-A as a credible way to measure differences across practices and over time in care delivery approaches, but we also recommend that when possible, factor loadings in other samples should be calculated based on the data collected, while relying on the basic approach described here. There are several limitations to this analysis. First, practices self-reported the data, which raises questions about the validity of the responses. Although practice coaches reviewed the 26 questions from the PCMH-A for a sample of 65 safety net clinics from another initiative and determined that the questions largely agree with clinics' self-reports (Daniel et al. 2013) , none of the 37 questions used in the M-PCMH-A was objectively validated in this sample using an external rater or additional data sources. However, it would have been difficult, time-consuming, and expensive (and beyond the scope of the study) to visit each of the 920 practices that responded to the survey to obtain external assessments of care delivery features. Survey responses had no implications for the practices' financial rewards from CMS, so practices had no incentive to overrate their care delivery features. However, some practices might overstate their self-ratings by giving what they feel to be more socially desirable responses. On the other hand, CPC may raise practices' standards for high performance, leading to lower self-ratings of the same approaches over time. Additionally, the respondent for a given practice may interpret the response categories or the practice's care delivery approaches differently from respondents for other practices or from other respondents for the practice in other survey rounds. Despite these potential limitations, our measurement invariance tests suggest the absence of differential response patterns or biases across the groups. Second, the practices selected for CPC and as comparisons are diverse but not representative of practices nationwide. Third, future delivery reforms and market changes may alter how practices respond to survey questions. Thus, our results may not generalize to other practices, settings, or time periods. Fourth, the model fits the data well but has a few weaknesses, particularly in the 2012 CPC data: the Access to Care factor has lower-than-desired reliability, the Continuity of Care factor has a low average interfactor correlation, and question A12 has a low factor loading.
A final limitation is that this article does not examine criterion validity of the module-the extent to which the factor scores are useful for assessing the relationship between M-PCMH-A changes and external outcomes important to practices and payers. Our ongoing work will link levels and changes in the total, domain, and item scores to changes in outcomes such as cost, service use, quality, and patient experience (see Peikes et al. [2016] for our preliminary analyses of such relationships).
As payers around the country continue to move toward transformed primary care, we believe the M-PCMH-A can be valuable for researchers, practices, improvement experts, and payers. These stakeholders can use the M-PCMH-A to develop summary measures of primary care delivery (as measured by the seven factors and the overall index) and transformation, and identify and track areas for improvement. Researchers can also use the M-PCMH-A to assess linkages between changes in these specific aspects of care delivery and changes in cost, quality, and patient and provider experience over time. Future research should examine whether the number of questions in the M-PCMH-A could be reduced substantially while maintaining reliability and validity of the survey. (M-PCMH-A) Module in the 2014 Comprehensive Primary Care Practice Survey. Appendix S2: Table S1 : Baseline Characteristics of CPC Practices and Matched Comparison Practices. 
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